INTRODUCTION
Community resilience has gained increased attention due to the recent natural and man-made disasters. Resilience itself is a multidisciplinary and broad concept. In engineering, resilience is the ability to "withstand stress, survive, adapt and bounce back from a crisis or disaster and rapidly move on" (Wagner and Breil 2013) . The term resilience was defined by Allenby and Fink (2005) as "the ability of a system to remain in a practical state and to degrade gracefully in the face of internal and outside changes". Bruneau et al. (2003) defined resilience as "the ability of social units to mitigate hazards, contain the effects of disasters when they occur, and carry out recovery activities in ways to minimize social disruption and mitigate the effectors of further earthquakes". The definition given by Bruneau et al. (2003) and extended by Cimellaro et al. (2010) is adopted in this study.
Several solutions for measuring resilience are available in the literature (Cimellaro 2016; Cimellaro et al. 2016a; Cimellaro et al. 2016c; Cimellaro et al. 2014 ). Chang and Shinozuka (2004) introduced a measurement framework to quantitatively assess the disaster resilience of communities. They proposed a series of resilience measures in a probabilistic context based on the work by Bruneau et al (2003) . The proposed framework has been implemented in a case study of the Memphis water system under an earthquake event. However, social and economic aspects were not clearly integrated within the framework. Gilbert and Ayyub (2016) proposed microeconomic models and metrics to quantify the economic resilience of engineering systems. These metrics provide a sound basis for the development of effective decisionmaking tools for multi-hazard environments and lead to significant savings through risk reduction and expeditious recovery. Liu et al. (2017) introduced a method that combines dynamic modelling with resilience analysis. Interdependent critical infrastructures have been analysed using the framework by performing a numerical analysis of the resilience conditions in terms of design, operation, and control for a given failure scenario. Cimellaro et al. (2016b) proposed a resilience index for water distribution networks which is the product of three parameters. This index has been used to compare different restoration plans in a small town in the South region of Italy. Similarly, an index has been proposed to measure resilience of a gas distribution network (Cimellaro et al., 2013) . Ouyang et al. (2012) proposed a multi-stage framework to analyze infrastructure resilience establishing an expected annual resilience metric by defining a series of resilience-based improvement strategies for each stage. Kammouh et al. (2017a) have introduced a quantitative method to assess the resilience at the state level based on the Hyogo Framework for Action (UNISDR 2007) . The approach introduced was an evolution of the risk assessment concept. The resilience of 37 countries has been evaluated and a resilience score between 0 and 100 has been assigned to each of them (Kammouh et al. 2017a; Kammouh et al. 2018b; Kammouh and Cimellaro 2018) . Ayyub (2015) proposed other resilience metrics with clear relationships to the most relevant definition of the reliability and risk notions. The framework meets logically consistent requirements drawn from the measure theory considering the recovery phase based on spatial and temporal considerations. Kwasinski et al. (2016) proposed a hierarchical framework for assessing resilience at the community level. The model is represented through community dimensions and their relationships with community services, systems, and resources. Several challenges that can influence a comprehensive community resilience assessment methodology have been identified. However, natural resources, as an important element in the resilience planning process, have not been considered in the proposed framework.
By looking at the available measurement tools, it is possible to distinguish some features that separate them. Some are top-down measurement schemes, others are bottom-up, some measurements schemes are purely qualitative in their approach, and others are quantitative.
PEOPLES framework is an example of a top-down approach that starts with the big picture (i.e. resilience) and then breaks down into smaller segments. Each subsystem is then refined in yet greater detail, sometimes in many additional subsystem levels, until the entire specification is reduced to base elements (Cimellaro et al. 2016a ). The acronym PEOPLES combines seven dimensions of a community: Population; Environment; Organized government services; Physical infrastructure; Lifestyle; Economic; and Social capital. It is classified as a quantitative framework for designing and measuring the resilience of communities (Kammouh et al. 2017b; Kammouh et al. 2018c) . Another top-down measurement tool is the Baseline Resilience Indicator for communities (BRIC) (Cutter et al. 2014 ). This tool is also quantitative but it focuses more on the inherent resilience of communities. BRIC is practically oriented towards the fieldwork unlike the PEOPLES framework whose application is still within the research field.
San Francisco Planning and Urban Research Association framework (SPUR) (SPUR 2009 ) is a qualitative framework that measures the capability to recover from earthquakes. The framework considers the restoration of buildings, infrastructures, and services to assess the resilience of the physical infrastructure. Examples of other top-down approaches are: the Hyogo Framework for Action (HFA) (UNISDR 2005) ; the UK Department for International Development (DFID) Interagency Group (Twigg 2009b) ; ResilUS (Miles and Chang 2011) ; etc. There also exist bottom-up approaches which are mainly designed to help communities predict and plan for resilience. These bottom-up measurement tools take an all-hazards approach in their assessment. They are generally qualitative types of assessments that the community does itself, or it works with local stakeholders to derive its assessment. Some bottom-up approaches include: the Conjoint Community Resiliency Assessment Measure (CCRAM) (Cohen et al. 2013) ; the Communities Advancing Resilience Toolkit (CART) (Pfefferbaum et al. 2011) ; the Community Resilient System (White et al. 2015) ; etc. A more exhaustive list of resilience measurement tools classified according to several characteristics can be found in (Cutter 2016) .
Several other works have been carried out to define and quantify the resilience of communities but mostly with a focus on engineering systems (Woods 2017; Park et al. 2013; Hosseini et al. 2016; Jovanović et al. 2016; etc.) . Measuring resilience is among the most difficult tasks due to the intricacy involved in the process. Although the use of indicators is perceived as an important instrument to measure the resilience of a system, developing a standardized set of resilience indicators is clearly challenging for such a dynamic, constantly reshaping and context-dependent concept. Cutter et al. (2014) assert that research on quantifying community resilience is still at the preliminary stage. Even though much efforts has already been made to boost research on community resilience indicator (Cutter et al. 2010; Norris et al. 2008; Twigg 2009a) , there is still no acceptable method for the evaluation of community resilience and there are still challenges in developing real evaluation strategies (Abeling et al. 2014 ).
This study aims at presenting an exhaustive quantitative method for calculating the resilience of urban communities within the context of the PEOPLES framework (Cimellaro et al. 2016a ).
The objective of this work is to use the structure of PEOPLES framework to derive a tool to quantify the resilience of urban communities. The method starts by collecting all community resilience indicators found in the literature. The collected indicators are first filtered to ensure a minimum overlapping between them, then they are allocated to the PEOPLES' components. A single measure is assigned to each indicator allowing it to be quantifiable. Each measure is represented using a performance function, which represents the functionality of the indicator in time. Higher functionality of the indicator leads to higher resilience of the community. These functions can be constructed in a systematic manner using damage and restoration parameters. 
RESILIENCE EVALUATION
According to Bruneau et al. (2003) , the resilience of a system depends on its functionality performance. The functionality of a system is the ability to use it at possibly an impaired level.
This term is also referred to as functionality, which is a broad definition describing how easily a system can be serviced or repaired. For example, a system with modular, hot-swappable components would have a good level of functionality. The conceptual approach described in Bruneau et al. (2003) is illustrated in Fig. 1 . The functionality performance (Q) ranges from 0 % to 100 %, where 100% and 0% imply full availability and non-availability of services, respectively. The occurrence of a disaster at time t0 causes damage to the system and this produces an instant drop in the system's functionality (ΔQ). Afterward, the system is restored to its initial state over the recovery period (t1-t0). The loss of resilience is considered equivalent to the quality degradation of the system over the recovery period. Mathematically, it is defined by Eq. (1):
where LOR is the loss-in-resilience measure, t0 is the time at which a disastrous event occurs, t1 is the time at which the system recovers to 100% of its initial functionality, Q(t) is the functionality of the system at a given time t.
The approach introduced above considers a constant initial functionality (Q0=100%). This can be problematic if the system recovery includes mitigation and hardening actions that increase the functionality to a level beyond the initial state of the system. Therefore, in this paper, the initial functionality is signified by a functionality (Q0) that can take any value between 0% and 100% (Fig. 2) . This means that the functionality function does not necessarily start with 100%, which leaves room for possible improvements in case mitigation and hardening actions are included in the recovery process. Moreover, the LOR has to be normalized to be time-independent by dividing over Tc, which is the control time of the period of interest (Cimellaro et al. 2010) . Thus, Eq. (1) can be replaced by Eq. (2):
PEOPLES FRAMEWORK
PEOPLES framework is an expansion of the research on resilience, and its attributes were developed at the Multidisciplinary Centre of Earthquake Engineering Research (MCEER) (Cimellaro et al. 2016a) . The framework provides a procedure to measure the community resilience at different scales (spatial and temporal) by evaluating the infrastructures performance considering their interdependency. The method proposed in this study adopts the structure of the PEOPLES framework for its implementation. PEOPLES framework comprises seven dimensions of community summarized with the acronyms PEOPLES. The seven dimensions are:
1. Population and demographics: identifies the focal community population. The aim of this dimension is to understand the ability and expertise of the society in managing adverse impacts and to recover quickly from disasters; 2. Ecosystem and environmental: signifies the capability of the ecological system to overcome a disturbance and return to its pre-event state; 3. Organized governmental services: specifies the community sectors readiness to respond to an event, and plays a key role in raising community resilience both before (preparedness and mitigation strategies) and after (response and restoration) a disaster; 4. Physical infrastructure: addresses lifelines and facilities that have to be restored to a functional state after the disaster; 5. Lifestyle and community competence: represents both the raw abilities of a community (e.g., skills to find multifaceted solutions to complex problems through the engagement in political networks) and the perceptions of a community (e.g., perception to have the ability to do a positive change through a common effort that relies on PEOPLES' aptitude to resourcefully envision a new future and then move in that direction); 6. Economic development: consists of both the current economy (static state) of a community and its future growth (dynamic development). It represents the capability of the society to keep up in the aftermath of a disaster by means of good substitution, employments, and services redistribution.
7. Social-cultural capital: describes the extent to which the people are willing to stay within their area and help their community to bounce back after the disaster.
Further details on each of the above dimensions can be found in (Cimellaro et al. 2016a ).
THE METHODOLOGY: RESILIENCE QUANTIFICATION OF COMMUNITIES BASED ON THE PEOPLES FRAMEWORK
The method introduced in this section can take any indicator-based framework as a conceptual basis. For this study, the PEOPLES framework is considered due to its wide recognition within the disaster resilience community. The structure and organisation of PEOPLES framework allows preventing possible overlap among the indicators. Once the framework is fixed, relevant indicators are selected to describe the framework's components in detail. Every indicator found in the literature has been collected and then they are filtered with the purpose of obtaining mutually exclusive indicators. This has necessitated rejecting a number of indicators either because they are not relevant or because they overlapped with other indicators. The interdependency between the variables is tackled by introducing an interdependency matrix technique. The proposed interdependency technique returns as an output a weighting factor for each variable. Once the contribution of the different variables toward the overall resilience is determined, the variables are measured using past data. In the proposed resilience assessment method, the variables are represented by a continuous functionality function rather than a crisp number. Finally, the functionality functions of the different variables are aggregated to obtain a single community functionality function that is used to evaluate the resilience of the community. In the following, the methodology is described in all details.
PEOPLES' dimensions, components, indicators, and measures
PEOPLES is a framework for quantifying and defining disaster resilience of a community at various scales. It is divided into seven dimensions, each of which is further divided into several components. The goal is to convert PEOPLES from its current qualitative version to a quantitative framework. To do so, all resilience indicators found in the literature have been collected and then allocated to the proper components of PEOPLES. Much effort has been done to reduce the overlapping among indicators by removing duplicated ones. This has led to a condensed list of 115 indicators (see Appendix A). Each indicator has a measure assigned to it to make all indicators computable. Each measure is normalized with respect to a fixed quantity, the target value (TV). The target value is an essential quantity that provides the baseline to measure the resilience of a system (Cutter et al. 2010) . The system's existing functionality at any instance of time is compared with the target value to know how much functionality deficiency is experienced by the system. For instance, if we consider the measure "Red cross volunteers per 10,000 people" (indicator 7.6.1 in Appendix A), the output of this measure would be an absolute number of volunteers that cannot be incorporated with other measures unless it is normalized; therefore, the result is divided over TV, which in this scenario represents the 'optimum' amount of volunteers per 10,000 people (e.g. TV=100 volunteers /10,000 people). If the ratio between the value of the measure and the TV is less than one, it implies that the indicator could still be enhanced. If the ratio is bigger than one, a value of 1 is assigned to that measure. Having all measures normalized empowers the comparison among systems of similar or different natures (e.g. hospitals and water networks). 
Weighting factors: the interdependency matrix technique
Indicators do not contribute equally to the overall resilience output. In this paper, weighting factors are allocated to the different variables of PEOPLES based on an interdependency analysis. For the purpose of the analysis, the variables of PEOPLES are classified into three major groups as follows:
1. Indicators that fall within a component are considered as a group; 2. Components classified under a dimension are taken as a group; 3. PEOPLES seven dimensions make a group.
The proposed interdependency technique assumes that the variable's importance is strictly related to the number of other variables in the same group that depend on it. Variables in the same groups are put together in a [n×n] square matrix (Fig. 3) , where n is the number of variables in the analysed group. The cells in the matrix can take the values 0 or 1. The value 0 means that the functionality of the variable in the row does not depend on the variable in the column, while the value 1 means that the variable in the row depends on the variable in the column. The importance factor of each variable is obtained by summing up the numbers in each column of the matrix. A high value implies high importance of the corresponding variable. The interdependency analysis is done in a hierarchical manner (Fig. 4) . That is, an interdependency matrix is built for each group of variables so that each variable is analysed within the group it belongs to. For instance, a single interdependency matrix is constructed for the seven dimensions of PEOPLES. An interdependency matrix is built to each group of components under the dimensions. Finally, every group of indicators under the components are analysed independently by performing the above introduced interdependency technique. This results in 37 matrices to perform a full interdependency analysis for the different variables of the framework. The number of matrices depends on the conceptual framework used. That is, frameworks that use less variables and simpler structure would require a smaller number of interdependency matrices.
The matrix can be filled using a walk down survey. The evaluation is performed through an expert and the information is readily provided in a (yes/no) or (1/0) form. Like in any walk down survey, the assessment is denominated by subjectivity and so the evaluation process is prone to vagueness type uncertainty. However, due to the comprehensive structure of PEOPLES framework, the responsible expert will not have difficulties filling the survey and will not have to do arbitrary guessing. The experts will be able to employ their knowledge to decide whether the answer should be yes or no (1 or 0). To reduce possible vagueness and uncertainty, the survey can be filled by a group of experts. That is, the interdependency between any two variables is determined by more than one person. Then, a statistical analysis is performed considering a normal distribution, which is suitable for such statistical problems. Therefore, each variable is represented by a normal probability distributed function (PDF) (Fig. 5) . Three values from each PDF can be used in the consequent analysis: the mean value (  ), the mean value + the standard deviation (   ), and the mean value -the standard deviation (    ). This results in a final resilience output with the uncertainty bound being considered.
The interdependency between the variables is greatly related to the community type. Fig. 6 shows the level of interdependency between the seven dimensions of the PEOPLES framework for three different kinds of communities: urban, rural, and industrial. The area enclosed by the interdependency polygon for the urban community is greater than the others.
This indicates a high level of interaction and interdependency for urban communities. Also, the development level of the community plays a role in identifying the interdependency among resilience components because developed communities require more interdependent systems to increase service efficiency. Other factors such as the type of hazard can also affect the interdependency matrix.
Another aspect that is rarely discussed is the temporal alteration of the interdependency.
After a perturbation, systems find a new equilibrium, which implies that the relationships between the system's elements change. Therefore, the interdependency matrix does not remain the same after a disaster event takes place (Fig. 7) . Although this is true for every system, in this study the temporal effect is not considered as it would add up unnecessary complexities which do not reflect the priorities of decision makers.
The importance factors of the variables in the same group can be normalized using a MinMax rescaling technique to create a set of comparable variables. The Min-Max rescaling technique is a method in which each variable is scaled between zero and one (a score of 0 being the worst rank for a specific variable and a score of 1 being the best) (Cutter et al. 2010 ). This scaling procedure subtracts the minimum importance factor from the importance factor of the underlying variable and divides it over the range of the importance factors, as shown in Eq. (3). 
where wvi is the weighting factor of the i th variable (vi), aji is the interdependency value between variable j and variable i (Fig. 3) , n is the total number of variables in the analysed group.
The above technique assumes that at least one variable is assigned a weighting factor equal to 0. This implies that the variable with a 'zero' weighting factor does not contribute to the overall resilience. In this research, a simpler technique that divides the importance factor over the maximum importance factor, as indicated in Eq. (4), is used. 
where qi* is the weighted functionality function of variable i, qi is the functionality function of variable i in analyzed group.
Derivation of the final functionality function and computing resilience
Each variable is represented by a functionality function; uniform function for event-nonsensitive measures 'static measures' and non-uniform function for event-sensitive measures 'dynamic measures' (see Fig. 8 ). The functionality function can be defined using a set of parameters that mark the outline of the functionality function (e.g. initial functionality q0, post disaster functionality q1, restoration time Tr, recovered functionality qf, etc.). These parameters can be obtained from the past events and/or by performing hazard analyses specific to each measure. Afterwards, all functionality functions are weighted based on their contribution in the resilience assessment, as described in the previous section. The summation of the weighted functionality functions of the variables in the same group is considered to move to an upper layer. That is, to obtain the functionality function of component j, the summation of the weighted functionality functions of the indicators under component j is considered. Similarly, to obtain the functionality function of dimension i, the sum of the weighted functionality functions of the components under dimension i is considered. Finally, the functionality function of the community is the summation of the weighted functionality functions of the seven dimensions.
The conceptual approach for the consolidation of functionality functions through the different hierarchical levels of the framework is depicted in a flowchart (see Fig. 9 ). The final functionality function represents the functionality of the community over time. It is obtained using the Eq. (6):
where R(t) is the resilience function of the community, wi(t) is the weighting function of dimension i, Di(t) is the functionality function of dimension i. In this equation, the weighting factors are written as a function of t because generally the weight of variable cane change after the perturbation. The functionality function of dimension i is obtained using Eq. (7):
where wi,j(t) is the weighting function of the component j under dimension i, Ci,j(t) is the functionality function of component j under dimension i, ni is the number of components under dimension i. This function is obtained by aggregation the functionality functions of the indicators in the same group. Eq. (8) can be used to do the operation:
where wi,j,k(t) is the weighting function of the indicator k under component j, which belongs to dimension i, Ii,j,k(t) is the functionality function of indicator k under component j, which belongs to dimension i, ni,j is number of indicators under component j, which belongs to dimension i. The resilience of the community R can then be evaluated as the area under the functionality function R(t) for a defined time following the disaster event, known as the 'control period' tc. Eq. (9) expresses the resilience index in its most explicit form using only the known parameters:
( ). ( ). ( ). ( ). ( ) .
The introduced method is a decision making tool, and the usefulness of the final resilience metric is to give an indication whether the community needs to improve in terms of resilience by comparing it to a given acceptable level. Using this metric, the user can identify immediately if the community is experiencing a high functionality deficiency, then the user can decide to look into specific components and indicators that are found to cause the highest impact on resilience.
The significance of the proposed methodology lies in its graphical representation that helps communities take proper actions to improve their resilience. While all previous works generally provide a single index to measure community resilience, the proposed method indicates in details whether the resilience deficiency is caused by the system's lack of robustness or by the slow restoration process. For example, it is possible for two communities to have the same resilience deficiency induced by different reasons (e.g. lack of robustness, slow recovery, etc). This is represented in Fig. 10 Infrastructure' has been considered. Table 1 shows the extended list of the components and indicators within the dimension 'Physical Infrastructure'. Each indicator is linked to a measure that describes the indicator numerically. As shown in Fig. 8 , dynamic measures (D) are interpreted graphically using functionality curves which are determined using a set of parameters (normalized initial functionality q0, post disaster functionality q1, restoration time Tr, and recovered functionality qf), whereas the static measures (S) are non-sensitive to the event and remain constant even after the disaster occurrence. In this study, the parameters were determined using open database sources (see notes under Table 1 ), which offer data on all cities across the US.
In Table 1 , q0u is the not-normalized initial functionality of the measure. The normalization of this quantity is necessary to combine it with the other measures that fall in a same group. This is done by defining the parameter TV (target value). This parameter represents the quantity at which the analysed measure is considered fully resilient, and it can be defined by an expert or a group of experts. Therefore, by dividing the non-normalized functionality q0u over the target value TV, one could obtain a normalized functionality q0 which now can be combined with other indicators in the same group.
Right after the disaster, the functionality function of a dynamic measure drops to q1 (see Fig.   8b ). Recovery actions are started immediately after the event, trying to bring the service back to an acceptable level. In this example, the recovered functionality qr is assumed equal to the initial functionality q0. The restoration time Tr is usually determined using probabilistic or statistical approaches. In this case study, restoration fragility curves recently developed by Kammouh et al. (2018a) have been used to determine the restoration time for the different variables (Kammouh and Cimellaro 2017; Kammouh et al. 2018a; De Iuliis et al. 2018) . In their work, they have introduced an empirical probabilistic model to estimate the downtime of lifelines following an earthquake. Different restoration functions were derived for different earthquake magnitudes using a large earthquake database that contains data on the downtime of infrastructures. The functions were presented in terms of probability of recovery versus time. The downtime corresponding to 95% of exceedance probability of recovery has been used as a deterministic downtime for the considered infrastructure. As for the rate of restoration, a linear interpolation is assumed for all measures. Table 2 lists all the parameters required for the realization of the functionality functions.
The weighting factors of the different variables under the analysed dimension have been determined using the proposed interdependency matrix technique. Table 3 '4.1.1 sturdy housing types' is an event-sensitive indicator (dynamic) for which the functionality level drops after the occurrence of the earthquake (i.e. the functionality decreased from 100 to 59.9 after the disaster). The service is fully restored after 120 days. The second indicator '4.2.3 Physician access', whose measure is "Number of physicians per population", is an event-non-sensitive measure (static) because even if the number of physicians is decreased after the disaster, the ratio of the number of physicians to the total population remains constant. This implies that the functionality level of the measure retains its original level regardless the occurrence of the disaster. The functionality curves of all measures whether they are static or dynamic can be obtained using the data in Table 1 . Several data sources were used to compile the data for the case study, such as Census Data (U.S. Census Bureau 2011).
Data collection was a challenging part of the analysis since data about the functionality of community systems is not usually shared with the public. However, this does not imply that data is not available but rather is not accessible. Interested parties, such as decision makers and authorities, can use the framework with its full potential since data is usually available to them.
As explained in the previous section, the functionality functions of the measures under a certain component are combined point by point into a single functionality function, taking into account their weighting factors which have been obtained using the interdependency matrix technique explained before. The weighting factors of the analysed components are presented in Table 1 . The functionality function of each component (i.e. facilities and lifeline) was obtained by summing the derived functionality functions of all measures that belong to the underlying component. Similarly, the functionality function of the dimension 'physical infrastructure' was derived by summing the weighted functionality functions of the corresponding components (i.e. facilities and lifelines). The loss of resilience of the physical infrastructure was computed using Eq. (2). The time interval for calculation of resilience was considered from the time that event occurs (t0=0) until the end of full recovery (i.e. the time corresponding to the instance where the curve reaches its pre-disaster level; tr=700 days). The control time Tc can take any value and it is determined based on the period of interest. In this example, Tc is set equal to two years (730 days). The loss of resilience LOR in this case study is computed using Eq. (10) 
The area above the functionality curve of the 'physical infrastructure' for the time interval (0 to 700 days) is evaluated and normalized with respect to Tc=730 days. The LOR metric is not a percentage but an absolute value that reflects the overall response of the community to the earthquake event. That is, higher LOR signifies a poor response of the community. This number significantly depends on the control period. If the control period approaches to infinity, LOR tends to be zero. When the control period is short (e.g. 1 or 2 days), the LOR tends to be large.
In this case study, the obtained value of LOR corresponds only to the physical infrastructure dimension of the community. In order to have a resilience index for the whole community, the functionality functions of other dimensions have to be similarly evaluated and to be combined in the same way the measures were aggregated. It is also interesting to compare the resilience of the two components facilities and lifelines. From Fig. 12 , the city of San Francisco has more problems in facilities (LOR=30.1) than lifelines (LOR=21.2). In this case, it is suggested that the authorities should focus more on enhancing the facilities as the benefit they would get is higher.
CONCLUDING REMARKS
A new indicator-based methodology for evaluating the earthquake resilience of urban communities is presented in this paper. The approach uses the structure of PEOPLES for its implementation. The indicators are defined by weighted functionality functions. The functionality functions are aggregated into a single functionality function, which describes the functionality of the whole community. The methodology has been partially applied to the city of San Francisco by considering one of the seven dimensions of PEOPLES. The indicators in the proposed methodology are modelled in a dynamic fashion. That is, the numeric value of the indicator changes with time, which allows reflecting the recovery rapidity of the indicator. Also, the interdependency among the variables at the same and different levels is considered through the proposed interdependency matrix technique.
The proposed methodology moves beyond the recoverability of the analysed system to also incorporate hardness and adaptive capacity. For example, the hardness capacity is intrinsically reflected in the input parameter q0 (initial functionality), which can reach a value that is greater than the initial value. In addition, because of its inherent layer-based structure, the methodology permits performing diagnostic and sensitivity analysis to determine the critical indicators. This can be rather important in the design problems.
The proposed resilience assessment approach is adaptable to communities of different types and sizes. It may require some alteration in the adopted measures but the general scheme is the same. Nevertheless, in its current version, it cannot consider uncertainties associated with each indicator as it requires deterministic input data. Future work will specifically focus on this issue through the use of probabilistic and fuzzy-based approaches.
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